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ABSTRACT
Neural network has been playing a major role in medical electronics in classifying normal and abnormal
cases by extracting features from various measurements. It is necessary to design an efficient network to
relate the features extracted from biopsy analysis into cancerous and non-cancerous classes. To improve the
efficiency of this diagnosis wavelet based neural network is proposed in this paper. Mother wavelets like
Morlet, Shannon and Polywog were used to train the Wavelet Neural Network (WNN) in this paper. The
WNN learns the nonlinear functions faster. Also the classification using WNN reduces false positives and
false negatives considerably.
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1 INTRODUCTION
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ARLYdetection of cancer plays a major role in
Eincreasing the survival rate of patients. Artificial
Intelligent techniques are widely used in medical field to
handle such classification and estimation problems.
The purpose of this paper is to classify a cancer
dataset into benign and malignant using wavelet neural
network and compare network’s performance with a
feed forward network trained using Levenberg Marquardt back propagation algorithm. The cancer
dataset consists of features extracted from biopsy
analysis.
Wavelet neural network combines the ability of
wavelet decomposition and the performance of neural
network. According to [1] and [3] the quality of
approximation can be the same as that of a feed forward
network with reduced network size. In wavelet neural
networks we use the wavelet function as the activation
function in the hidden nodes.
The comparative study present in the paper is done
upon identical network structures with different hidden
layer activation function. The number of neurons in the
input layer is 9, in hidden layer is 17 and in the output
layer is 2. The activation functions used for wavelet
neural network are Morlet, Shannon and Polywog. The
simple feed forward network was trained with tansigmoid activation function.
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2 MATERIALS AND METHOD
2.1 Cancer dataset

The breast cancer dataset provided along with The
Neural Network Toolbox, MATLAB® package has
been used in this paper. This data is available from the
UCI Machine Learning Repository [2]. The dataset
consists of nine attributes of 699 biopsy cases and
their corresponding classification of either Benign or
Malignant. There are 458 Benign and 241 malignant
cases.
The nine attributes given are, Clump thickness,
Uniformity of cell size, Uniformity of cell shape,
Marginal Adhesion, Single epithelial cell size, Bare
nuclei, Bland chromatin, Normal nucleoli and
Mitoses.

Clump thickness: Cancerous cells are often grouped in
multilayer. This feature presents the thickness of such
multi-layer.
Uniformity of cell size/shape: Cancer cells tend to
vary in size and shape for benign and malignant
cases.
Marginal adhesion: This is the measure of adhesive
property between cells.
Single epithelial cell size: This is the measure of
epithelial cell size. For a malignant case this size will
be high.
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Bare nuclei: This is the measure of nuclei that is not
surrounded by cytoplasm.
Bland Chromatin: This describes the uniformity of the
"texture" of the nucleus. For malignant cases this will
be poor.
Normal nucleoli: This is the measure of nucleolus size.
For a normal case it’s small and will be prominent for
cancerous cells
Mitoses: This feature indicates the mitotic activity. For
a cancerous lump this will be more.
2.2 WAVELET NETWORK
The wavelet neural networks are highly suitable for
approximating arbitrary non-linear functions. The
structure of the three layer wavelet neural networks
used in this paper is given in Fig. 1.
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Step 0: Initialize the WNN parameters to random

value.

Step 1: Present the input pattern and target pattern

to WNN.

Step 2: Compute the WNN output
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Step 3: Compare the output with the target and

compute the sum of square of error.

Step 4: If the target value of sum of square of error is

not reached at the ‘n’th epoch, find the difference
between the target and the output obtained (E) and
compute Δwjk , Δwki , Δb and Δa using the learning
rate (η) and the momentum (α).

∆wΔw
ki (n) = − η

∂E
+α
∂w ki

∆w jk (n) = − η

∂E
+ α ∆w jk (n - 1)
∂w jk
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Fig.1 Wavelet neural network structure
In Fig. 1.
w ki –
layer
w jk –
layer
X, Y –
Ψ(x) –
ak –
neuron
bk –
neuron

Weight between input and hidden
Weight between hidden and output
Input and Output vectors
Wavelet function
Dilation parameter of kth hidden
Translation parameter of kth hidden

ki

(n - 1)

(2)
(3)

∆ak (n) = − η

∂E
+ α ∆ak (n - 1)
∂ak

(4)

∆bk (n) = − η

∂E
+ α ∆bk (n - 1)
∂ak

(5)

Step 5: Using this update the WNN parameters w jk ,
wki , b and a for the next epoch

w ki (n + 1) = w ki (n) + ∆w ki (n)

(6)

w jk (n + 1) = w jk (n) + ∆w jk (n)

(7)

ak (n + 1) = ak (n) + ∆ak (n)

(8)

bk (n + 1) = bk (n) + ∆bk (n)

(9)

Step 6: Repeat steps 1-5 till convergence is achieved.

The wavelets functions employed in this work are
Morlet, Shannon and Polywog. The wavelet name and
the wavelet function used in equation (1) are given in
Table-I.

The steps involved in training the WNN is given
below.
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4 CONCLUSION
From the results, obtained while training and
testing a wavelet neural network and a feed forward
neural network, we could see the wavelet neural
network trains faster than a feed forward neural
network. Also the closeness to the expected target is
better in a wavelet neural network than a feed
forward neural network. These results infer wavelet
networks will perform efficiently in patterns
classification
and
function
approximation
applications.
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3 RESULTS
For validating the proposed classifier 699 biopsy
cases from database [2] were considered. Out of the
699 patterns 659 patterns were used for training the
networks and 40 of them used for testing the trained
networks.
A feed forward neural network having a hidden
layer of 17 neurons with tan sigmoid activation
function was trained with 0.01 learning rate. The same
training patters were used for training a wavelet
neural network with 0.01 learning rate. The network
has a hidden layer of 17 neurons with wavelet
activation functions.
All networks have 2 linear neurons in the output
layer to classify benign and malignant cases. The
corresponding neuron output will be 1 and that of the
other will be 0 for each case.
The convergences of sum of square of error with
respect to epochs while training the networks are
shown in Fig. 2.
The training graphs indicate the wavelet networks
converge faster than an ordinary neural network.
Among the wavelet networks, the network with
Morlet function converges faster.
The obtained outputs from all networks for the 40
test patterns (20 – benign, 20 – malignant) are in Table
–II and Table – III. While testing the Morlet WNN and
Shannon WNN were giving results much closer to the
expected values while Polywog WNN was
performing almost similar to the simple ANN with
tan sigmoid activation function.
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Fig. 2. Plot of sum of square of error Vs. epoch number. (a) Feed
Forward Network with Levenberg - Marquardt algorithm (b)
Morlet WNN (c) Shannon WNN and (d) Polywog
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